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The paper deals with the application of soft computing used in uncertainty analysis in the field of struc­
tural dynamics. Employing Genetic Algorithms, fuzzy sets theory as well as interval algebra authors show 
quite useful extension of well known approaches of solving eigenproblems considering assumed model 
uncertainties. During performed calculation, ranges of the first natural frequency of a simple FE model 
are found and then compared to those ones obtained with Monte Carlo simulation. As input uncertain 
parameters some of material properties are taken into account. The main objective of the work is to high­
light possible advantages of the application in terms of reducing computation time meant for uncertainty 
analyses. 

1. INTRODUCTION 

Nowadays, uncertainty analyses have become an important field within structural dynamics. Differ­
ent kinds of existing uncertainties should be considered in order to get to know as much as possible 
about all changes of dynamic behaviour of mechanical structures. Therefore, obtained ranges of 
natural frequencies as well as eigenvectors in terms of assumed uncertainties are supposed to be of 
engineers' concern. Mainly, two kinds of uncertainties can be distinguished [7, 12]: irreducible (some­
times also called variabilities or aleatory or stochastic uncertainties) and reducible (also referred to 
as epistemic or subjective uncertainties). The first type corresponds to the fact that successive items 
of same product are not of the same characteristics. They differ one from another regarding mainly 
geometric properties and other producing factors. It is so because manufacturing processes are not 
ideal and can not offer customer an infinite product's repeatibility. Product's quality depends on 
used tools and employed measurements techniques. As stated above this kind of uncertainty can not 
be reduced since non-zero manufacturing tolerances appear and they can change when time passes. 
The second group of uncertainties expresses a lack of knowledge of designers trying to launch a new 
product. It can be a matter of unknown loading, ageing, material properties, used models etc. A col­
lection of possible product concepts can also be considered as subjective uncertainty. The important 
thing is that this kind of uncertainty can be reduced as engineer collects all necessary data on prod­
uct characteristic. Moreover, subjective uncertainty may not even occur in some cases. Additionally, 
one should know that there is one more source of differences in results and caused by errors imposed 
by blunders, wrong models, incorrect descriptions of analyzed structures but these parameters are 
out of scope of presented paper and are not referred to in the following. 

As objects of uncertainty analyses FE models are often used [1, 2]. They enable engineers to assess 
changes in both static and dynamic behaviour of mechanical structure with introduced uncertainties 
of its geometrical and material characteristics and applied loads and constraints. As a computational 
technique making possible to carry out uncertainty analyses a probabilistic Monte Carlo Simulation 
(MCS) may be used [7, 16]. Although it is well known and widely applied MCS features some 
disadvantages. Large number of simulation experiments is required to obtain reliable results for 
practitioner engineer. Moreover, probability density functions should be known or correctly assumed. 
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In this context, soft computing seems to be very interesting tool being able to deal with mentioned 
above kind of analyses very effectively. Hence, the intention of this paper is to present possible 
advantages of an application of this computing techniques considered as a combination of Genetic 
Algorithms, fuzzy sets and interval algebra theories. 

In present paper authors show and discuss results of uncertainty analysis obtained performing 
an example of soft computing application. As a subject of analysis a simple mechanical structure 
modelled with FEM has been considered. Subjective uncertainties have been taken into account i.e. 
these ones related to material properties. Changes of the first natural frequency of the structure in 
terms of given uncertainties are studied. All applied theories are also briefly described. 

2. FUZZY SETS, FUZZY FEM, FUZZY FEA 

The theory of fuzzy sets was introduced by Zadeh in 1965 as an extension of classical set theory [3 , 
6, 12, 17]. In classical set theory, membership of element in a set is either 0 (not a member of 
the set) or 1 (member of the set). Zadeh extended the Boolean membership values of a set to real 
numbers between 0 and 1 by introducing fuzzy sets. Each element in a fuzzy set can be assigned by 
a membership value between 0 and 1. For a fuzzy set X, the membership function J.Lx(x) for all x 
contained within the domain X is defined as follows, 

x = {(x, J.Lx(x)) I (x E X) (J.Lx(x) E [0, I])} (1) 

Element x, for which J.Lx(x) = 1, is definitely a member of the set x. Element x, for which 
J.Lx(x) = 0, is definitely not a member of the set x. Element x, for which 0 < J.Lx(x) < 1, is a member 
of the set x in a certain degree (Fig. 1). 
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Fig. 1. An example of trapezoidal membership function 

The shape of membership functions is derived from experimental data or expert knowledge. 
Usually triangular, Gaussian and trapezoidal shapes are used for the membership functions. 

Fuzzy sets allows for introducing fuzzy FEM (FFEM) [11]. This computational technique employs 
fuzzy sets to express all given input uncertainties for analyses of FE models and as expected also 
searches for assumed output parameters following fuzzy formulation . It should be also highlighted 
that well-known a-cut strategy seems to be the most effective and suitable for FFEM applica­
tions [12] i.e. when fuzzy FEA (FFEA) are needed. The main idea of this strategy is shown in 
Fig. 2. 

Using the a-cut strategy all input fuzzy sets can be approximated by a number of intervals. For 
these input intervals an interval analysis is then performed at each a-level using FEM. The output 
intervals at each a-cut are assembled and result in fuzzy output. Fig. 2 shows this procedure for 
input parameters characterized by trapezoidal membership functions. However, one can also consider 
more specified case when only triangular shapes of membership functions are taken into account. In 
that case interval analysis carried out for cut a4 becomes a deterministic one. The following section 
shows how to deal with uncertainty analysis when the a-cut strategy within FFEM has been chosen. 
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last one using MCS and giving referential results. Relative errors of FFEAl and FFEA2 have been 
presented and discussed. For all cases, a-cut strategy and interval algebra have been used. 

Using an application of FFEA in which global stiffness and mass matrices are optimized (denoted 
as FFEA2) one can see possible savings of calculation times. It can be so since under some conditions 
full FEA can be replaced by the process of assembly of system global matrices. Requirements of 
several applications in terms of computation time have been presented in order to show advantage 
of FFEA2. Additionally, needed calculation time for selected non-probabilistic approaches has been 
also estimated to have a bit wider overview on computational effort within the field of uncertainty 
analyses. It should be also noted that neither the vertex nor the transformation method guarantee 
receiving extremes of output parameter. Moreover, for described FE model the time required for 
the solving of eigenvalue problem is very short, about 0.4 seconds so it is natural then to formulate 
an expectation that the difference between computation times should be grater as complexity of 
model grows. 

Presented FFEAl and FFEA2 yield results which are not very conservative because applied pro­
cedures do not cause loosing mutual dependency between elements of stiffness and mass matrices 
during the search of optimum values. Additionally, as presented in previous section, these applica­
tions do not skip any of global extremes existing within the domain of input uncertain parameters. 

The convergence diagrams prepared for FFEAl and FFEA2 have been shown. Analysing obtained 
shapes of convergence curves, one can assume that for presented case study 80 generations for each 
optimization process carried out by GA should be enough to achieve reliable results. However, it 
should be also noted that every time GA are employed the need to find the balance between the 
number of generation and the number of individuals arises. Unfortunately, this problem seems to 
be case dependent. 
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